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Survey of underwater biological object detection methods

based on deep learning
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Research Center ,Qilu University of Technology(Shandong Academy of Sciences) ,Qingdao 266100, China;
2. Qingdao Haida Xinxing Software Consulting Co., Ltd., Qingdao 266114, China)

Abstract : Underwater biological object detection is crucial for aquaculture, endangered species protection, and
ecological environment monitoring. This study comprehensively analyzes the applications of various deep learning methods
in underwater biological object detection. The commonly used underwater biological object detection datasets are
introduced. The state-of-the-art underwater biological object detection methods are classified, analyzed, and summarized
by two stages and one stage. The actual applications of various detection methods are thoroughly described, and the
advantages and disadvantages of their optimization strategies are analyzed and summarized. Future works in the field of
underwater biological object detection based on deep learning are presented. This study provides a reference basis for
researchers in the field of underwater biological object detection.

Key words : deep learning;object detection;underwater biological object detection
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Fig.1 Examples of open source datasets
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Table 2 Improved underwater biological object detection based on Faster-RCNN
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Table 3 Improved underwater biological object detection based on YOLO
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